The way we move changes throughout our lifetime and often we move less as we age. Distinguishing the motor deficits caused by a stroke from changes in motion due to normal aging is important for the accurate assessment of post-stroke recovery and to determine the effectiveness of treatment. The whole repertoire of complex human motion is enabled by forces applied by our muscles and controlled by the nervous system. However, the current medical standard for assessing motor deficits is based on quantifying movement, without a comprehensive analysis of the active forces that cause this movement. The objective here is to estimate active muscle forces from the quantitative recording of motion.
Introduction
Movement is a complex interplay between forces generated by our muscles under the control of the central nervous system and the environment. When aging or neurological diseases damage the neuromuscular mechanisms of movement production, this fine interplay is disrupted leading to movement impairment, disability, and inactivity 1 . Stroke is the leading cause of longterm disability in the United States with most stroke survivors experiencing movement deficits that are often accompanied by declining motor function. Some evidence exists that stroke accelerates functional decline due to aging 2 . Inactivity and aging are two of the highest risk factors for stroke. With age, less than 23% of adults in the United States report exercising enough to meet government guidelines for physical activity 3 . Lack of physical activity increases the risk of stroke, so that up to 90% of it could be attributed to risk factors that relate directly or indirectly to the lack of physical activity 3 . Thus, physical inactivity in elderly and motor deficits after neurological disorders are tightly intertwined. This underlies the need to quantify movement with enough precision to be able to distinguish the functional changes with age from the movement deficits due to stroke.
The current gold standard in the assessment of movement deficits is based on experienced medical professionals identifying motion abnormalities that are characteristic of specific disorders 4, 5 . Due to the complexity of human body and how gravity and external objects affect its motion, the subjective rating of observed motion cannot capture the subtlety of how that motion was generated by neuromuscular action. It is not always possible to infer from the observation of motion what forces were applied by the muscles to make the arm move, even for a seemingly simple judgement of whether the motion is active or passive. For example, force-based analysis has shown counterintuitively that the elbow and wrist motion of a professional baseball pitcher is more passive compared to the unskilled thrower 6, 7 . This indicates that the neural motor control system of skilled throwers is honed to take advantage of the passive interaction forces between the shoulder and elbow joints in order to make the throwing movement more efficient and more powerful. This type of force-based analysis may provide valuable insights into the assessment of differences between motion of young and elderly individuals and between healthy motion and that affected by stroke. Therefore, this study aims to provide this insight by deriving muscle forces from observed movement in individuals with post-stroke motor deficits and in age-matched healthy individuals.
Methods

Participants
Twenty-two human participants were recruited to perform reaching movements to virtual targets with both arms. The participants were divided into three groups, Control, Stroke, and Agematched. The Control group (23 ± 0.5 years) included 8 participants without any known neurological or musculoskeletal disorders (data was reported in Olesh et al. 8 ). The Stroke group included 8 participants (54 ± 14 years), who have suffered single unilateral ischemic stroke at least three months prior to the experiment (Table 1) . The strokes were diagnosed by neurologists at Ruby Memorial Hospital; the lesion locations were established from medical imaging. Potential participants were excluded if they could not produce visible movement with their shoulder and elbow, or if they were unable to provide written consent to participate. The Age-matched group (52 ± 15 years) included 6 participants without any known neurological or musculoskeletal disorders, whose age was within the mean ± SD of participants in the Stroke group. All participants were right-hand dominant and reported no unrelated movement disorders or significant injuries to their upper extremities. The study and the consent procedure were approved by the Institutional Review Board of West Virginia University (Protocol # 1311129283). All participants provided written consent before participation. 
Experimental Task
During the experiment, participants reached to virtual targets in a center-out task, as described in detail in Olesh et al. 8 (Fig. 1 ). Movements were instructed using a virtual reality (VR) software (Vizard by Wolrdviz) and headset (Oculus Rift), which randomly displayed one of 14 targets, 5 cm in diameter, arranged equidistantly from a center target. A center target was placed in the VR space so that initial arm posture was at 0• shoulder flexion, 90• elbow flexion, and a 0• wrist flexion ( Fig. 1A) . For each participant, the distance from the center target to the peripheral targets was scaled to 30% of arm length (anterior acromial point to the distal tip of the index finger). This distance between the central and peripheral targets was on average 20 cm. Our most impaired participant (S8, Table 1 ) was unable to reach targets reliably with his left arm that was contralateral to stroked hemisphere. Therefore, the reaching distance for this participant was decreased to 15 cm.
Participants were seated and instructed to reach to targets as quickly and as accurately as possible without moving their torso. Participants were able to see their arm in real time visualized in VR by a "stick figure" connecting marker positions. Index fingertip was shown as a yellow ball, participants were instructed to move it into the center of each target. Individual joint motion of the digits was not tracked; therefore all participants were instructed to keep palm flat with all fingers extended and wrist pronated (palm down). Participants with stroke wore a finger splint to keep the digits 2-5 extended.
Each movement began with the participant's hand in the center target. A movement was cued by the changing of the color of center target from green to red and the appearance of one peripheral green target ( Fig. 1B) . Upon the detection of index fingertip inside the peripheral target radius, its color changed to red, cueing the participant to return to the central target ( Fig. 1A , end of center-out movement). After the participant reached the center target (( Fig. 1A , end of return movement), the task reset, peripheral target disappeared, and a new one appeared after a half-asecond delay. Movements to each peripheral target location were performed in a randomized order and repeated 15 times with rest breaks after bouts of 70 trials or upon request. Each participant repeated this experiment with both arms in separate sessions. 
Data Collection and Processing
Motion capture was recorded during the experiment using an active-marker motion capture system (Impulse by PhaseSpace) and processed in MATLAB (Mathworks Inc.). The light emitting diodes (active markers, LEDs) were placed according to best practice guidelines on anatomical bony landmarks of the arm and trunk 9 . Motion capture data were collected at a rate of 480 frames per second, low pass filtered at 10 Hz and interpolated with a cubic spline (maximum interpolated gap: 0.2 s). Joint angles were calculated from motion capture using local coordinate systems defined as follows. Six LEDs on the clavicle, sternum, spine and the shoulder of the analyzed arm were used to define the trunk coordinate system. Three LEDs, 2 on the shoulder and 1 on the elbow, were used to define upper arm coordinate system. Three LEDs, 1 on the elbow and 2 on the wrist, were used to define forearm coordinate system. Three LEDs, 2 on the wrist and 1 on the fingertip, were used to define hand coordinate system. The axes of the local coordinate systems were oriented in the same direction for both arms as shown in Fig. 1C . Joint angles were defined as Euler angles that corresponded to five joint degrees of freedom (DOFs) including 3 shoulder DOFs flexion/extension, abduction/adduction, internal/external rotation, 1 elbow DOF flexion/extension, and 1 wrist DOF flexion/extension. In some participants the medial wrist LED was not reliably tracked due to being obscured frequently from camera view by moving body segments. Therefore, wrist pronation/supination DOF was not reliably detected and, thus, excluded from analysis. Wrist abduction/adduction was found to be minimal during these tasks and was likewise not included in the analysis.
The onset and offset of each center-out and return movements were identified from the differentiated trajectory of hand marker (velocity) crossing the threshold of 5% of maximal velocity at the beginning and the end of a given movement. These events were verified through visual inspection of the plotted trajectories to correct for unintended motion around the center target and/or corrective movements around the peripheral target. The onset and offset events were used for temporal normalization of kinematic and dynamic profiles prior to averaging. Signals starting 100 ms prior to the onset events were included in the analysis of each movement to capture the full profile of phase-advanced torques.
Inverse Dynamics
The arm model was implemented in Simulink (Mathworks Inc) and used to calculate forces at the shoulder, elbow, and wrist joints. Joint angles for the shoulder, elbow, and wrist, obtained as described above were used to drive the model and simulate the center-out and return movements. The trunk was assumed to be stationary and in line with the world coordinate system (Fig. 1C ). The inertia of major limb segments (humerus, radius/ulna, and hand) were modeled as ellipsoids with the long axes and masses scaled to the lengths of individual participants 10 . Inverse dynamics simulations using the individually-scaled model shown in Fig. 1C were ran in Simbody (Mathworks Inc.) to obtain active muscle torques as described in Olesh et al. 8 .
Active muscle torques obtained with inverse simulations were divided into two additive components, termed postural and dynamic forces. The postural forces captured the portion of muscle torque that supports the limb segments against the force of gravity; it can also be thought of as the postural component of forces produced by muscles. The dynamic forces captured the residual muscle torques related to motion production 11, 12 . This component can also be through of as the muscle force that would produce the same motion in absence of gravity, e.g. in a microgravity environment. As described in Olesh et al. 8 , to obtain the dynamic torque components we ran the inverse dynamics simulations with gravity of the physics engine set to zero. To obtain the postural component, the dynamic torque component was subtracted from the overall active muscle torque obtained from simulations with standard gravity for each DOF.
Statistical Analysis
All statistical analyses were performed in MATLAB. Angular kinematic and torque signals were normalized in time using onsets and offsets of each movement, resampled to 1000 samples, and averaged. Inter-trial variability was calculated as the standard deviation across repetitions of individual movements toward the same target and averaged over the normalized trajectory samples (n = 15). The individual normalized trajectories were averaged to create a mean signal for each center-out and return movement toward each target for each participant. Peak-to-peak values of the mean trajectories and their inter-trial variance are reported in the Supplementary Tables with standard deviations of each measure across participants for each signal type per limb.
The symmetry of motion between right and left limbs was quantified using the interlimb shared variance metric. In this analysis, the participants served as their own controls, which reduced the variability of all measures across them. This enabled the distinction between the effects of aging and stroke on the quality of reaching movement. To obtain the interlimb shared variance metric, the normalized mean trajectories of joint angles and muscle forces were compared between right and left limbs of each participant. The coefficient of determination (R 2 ) was calculated for each movement direction between the trajectories for the corresponding signals from the right and left limbs of the same participant. These values were then averaged across movement directions for each DOF for each participant. The resulting metric ranged between 0 (low symmetry or high asymmetry) and 1 (high symmetry or low asymmetry).
To test the null hypotheses that the movements of participants in different groups were equally symmetrical, we applied repeated measures analysis of variance (ANOVA) to interlimb shared variance metric for each signal type, i.e. angular kinematics ( Table 2) , muscle torque (Table  3) , postural forces (Table 4) , and dynamic forces ( Table 5 ). All four ANOVAs were structured the same way with a single between-subject factor Group with 3 levels (Control, Age-Matched, and Stroke) and two within-subject factors Direction with 28 levels (14 center-out movements to peripheral targets and 14 return movements numbered as in Fig. 1C ) and DOF with 5 levels (3 shoulder DOFs flexion/extension, abduction/adduction, internal/external rotation, 1 elbow DOF flexion/extension, and 1 wrist DOF flexion/extension). The p-values with Greenhouse-Geisser adjustment for sphericity were used to determine significance of main and interaction effects 13 . Post-hoc analyses were conducted using multicompare functions in Matlab based on the ANOVA model.
To compare the sensitivity of angle-and force-based metrics, we used k-means clustering algorithm to classify participants into one of 2 groups, stroke and non-stroke. The data used for clustering was R 2 values from either joint angles or dynamic forces for shoulder DOFs summed across movement directions. Elbow and wrist DOFs were excluded from this analysis based on the ANOVA results on dynamic forces, which showed that the R 2 values for these DOFs were not significantly different between Stroke and Age-matched groups. To identify clusters, we used squared Euclidean distance measure with heuristic approach for cluster center initialization 14 . The reproducibility of cluster assignment was tested by running the algorithm 20 times and reporting the chances of individuals being misclassified into the wrong group.
Results
The reaching movements produced by participants with their right and left limbs were highly symmetrical in the Control group and somewhat less symmetrical in the Age-matched and Stroke groups ( Table 2 , Group effect; Fig. 2A ). These differences were consistent across groups for all movement directions and joint DOFs (Table 2, insignificant interaction). Post-hoc analysis found no significant differences in angular kinematics between the Control and Age-matched groups across all DOFs and movement directions. Across movement directions, the angular kinematics of the wrist was less symmetrical in the Stroke group compared to the Age-matched group (p = 0.02) and to the Control group (p = 0.04); the angular kinematics of the elbow was less symmetrical in the Stroke group than the Control group (p = 0.02; Fig. 2A ). Across all DOFs, the angular kinematics was less symmetrical in the Stroke group than in the Age-matched group for several center-out movements (p7 = 0.01 for target 7 in Fig. 1 , p10 = 0.01, p11 = 0.03, p14 = 0.01) and two return movements (p8 = 0.01, p13 < 0.01). The angular kinematics was less symmetrical in the Stroke group than in the Control group for a single center-out movement (p7 = 0.02) and two return movements (p2 = 0.01, p13 < 0.01). These asymmetricities were driven by the changes in the trial-to-trial variability of shoulder motion ( Supplementary Table 1 ). In the Control group, the inter-trial variance of angular kinematics was not different between right and left limbs. In the Age-matched group, left shoulder angles (non-dominant arm) were more variable than the right angles. In contrast, in the Stroke group shoulder angles of the contralateral (hemiparetic) arm were less variable than those of the ipsilateral arm. This is explained by the predominant right hemispheric stroke in our participants, which reduced the movement of the more variable left (non-dominant) arm. This shows that the asymmetry between limbs in the Stroke group is the result of different joint angle trajectories, not inter-trial variability as in the Age-matched group.
The right and left movements appeared much less symmetrical when observed through muscle torques than through joint angles (Fig. 2B) . This metric was also more variable across participants in all groups compared to the metric based on joint angles. Across movement directions, post-hoc analysis found no significant differences in muscle torques per DOF between the Control and Age-matched groups, nor between the Stroke and Age-matched groups ( Table 3 ). The muscle torques were less symmetrical in Stroke than in Control group at the shoulder joint for internal/external rotation DOF (p < 0.01), at the elbow joint (p < 0.01), and at the wrist joint (p = 0.01; Fig. 2B ). Across all joints, the muscle torques were less symmetrical in the Age-matched group than in the Control group for a single center-out movement (p2 < 0.01). The muscle torques were less symmetrical in the Stroke group than in the Age-matched group for the same and one other center-out movement (p2 = 0.04, p8 = 0.01), and they were less symmetrical in the Stroke group than in the Control group for a single return movement (p13 = 0.04). Movements of non-dominant arm by participants in the Control group were produced by larger muscle torques at most joints with somewhat larger trial-to-trail variability (Supplementary Table 2 ). This interlimb differences in the amplitude of muscle torques decreased in the Agematched group and disappeared in the Stroke group (Supplementary Table 2 ). In the Age-matched group, the muscle torques produced by the left (non-dominant) arm and sometimes the right (dominant) arm decreased compared to young controls, so that the interlimb differences in muscle torque amplitudes were smaller in the Age-matched group (Supplementary Table 2 ). The reduced muscle torques cannot be accounted for by reduced movement speed; the peak angular velocity was similar between the two limbs in the Age-matched group (Supplementary Table 3 ). The intertrial variance of the non-dominant muscle torques was still larger than of the dominant ones (Supplementary Table 2 ). As expected in the Stroke group, the interlimb differences in muscle torque amplitudes disappeared largely due to decreased amplitude and inter-trial variance of muscle torques in the left (primarily hemiparetic) arm (Supplementary Table 2 ). This further shows that the asymmetry between limbs in the Stroke and Age-matched groups result from different causes. In the Stroke group the interlimb asymmetry in movement is the result of altered muscle force patterns in the arm contralateral to stroke, while in the Age-matched group the asymmetry is due to increased variability and reduced overall muscle force production in the non-dominant limb.
Forces exerted by muscles during reaching movements quantified as muscle torques were separated into two broad components, postural and dynamic forces (see Methods). We classified postural forces as those needed to overcome gravity, which vary throughout movement as the orientation of limb segments relative to the gravity vector changes. The dynamic forces are those responsible for producing the movement in the absence of gravity and can be thought of as the forces produced by astronauts making the same movement in a microgravity environment.
As with kinematics, we found that the postural forces were less similar between corresponding left and right movements of participants in the Age-matched and Stroke groups compared to young control participants ( Fig. 2C ; Table 4 ; Supplementary Table 4 ). However, the movements appeared more symmetrical when observed through postural forces compared to overall muscle forces (Fig. 2B) . Interestingly, the inter-subject variability within the Control group observed in the muscle-force metric is reduced in the postural-force metric. However, across movement directions, post-hoc analysis found no significant differences in postural forces per DOF between groups. Across all joints, no significant differences in postural forces per movement direction were found between the Control and Age-matched groups. The postural forces were less symmetrical in the Stroke group than in the Age-matched group for two center-out movements (p3 = 0.03, p5 = 0.02). The postural forces were less symmetrical in the Stroke group than in the Control group for the same center-out movements (p3= 0.02, p5 = 0.04) and a return to center movement (p1 = 0.02). The differences between groups were the largest and most consistent when observed with the dynamic force metric (Fig. 2D) . The movements were progressively less symmetrical between limbs from Control to Age-matched to Stroke groups across all joints and movement directions ( Table 5 ). Across movement directions, post-hoc analysis found that the interlimb asymmetry between the Control and Age-matched groups was driven by differences in the profiles of elbow dynamic forces (p = 0.03). Between the Control and Stroke groups the interlimb asymmetry was driven by differences in the profiles of shoulder flexion/extension dynamic forces (p < 0.01), elbow dynamic forces (p < 0.01) and wrist dynamic forces (p = 0.02). However, between the Agematched and Stroke groups the interlimb asymmetry was driven by differences in the profiles of only shoulder dynamic forces (flexion/extension p < 0.01, abduction/adduction p = 0.01, internal/external rotation p = 0.01). Across DOFs, the interlimb asymmetry between the Control and Age-matched groups was driven by differences in a single return movement that was toward the body (p13 = 0.02). The interlimb asymmetry between the Stroke and Age-matched groups was driven by differences in movements that were outward away from the body (p5 = 0.05, p7 = 0.01, p8 < 0.01), downward toward the body (p9 = 0.03), and movement up (p11 < 0.01). The interlimb asymmetry between the Stroke and Control groups was driven by the same outward movements as between the Stroke and Age-matched groups (p5 = 0.01, p6 = 0.04, p7 = 0.03, p8 < 0.01) plus some return to center movements (p2 < 0.01, p6 = 0.04, p13 = 0.01) and the movement up (p11 < 0.01). Note that motion asymmetry in Stroke group include both age-related and stroke-related differences between forces produced by left and right limbs. These confounding effects can be separated by the analysis focused on the DOFs that drive asymmetry across multiple movements between Age-matched and Stroke groups (see below the results of clustering).
The inter-trial variance of the dynamic forces was much lower than that of the postural forces or the overall muscle torques (Supplementary Table 5 ). This increased acuity of dynamicforce assessment enabled us to conclusively determine that both the amplitude and the inter-trial variance of the dynamic forces in the non-dominant arm was consistently larger than that of the dominant arm across all DOFs for both the Control and Age-matched groups (Supplementary Table 5 ). This suggests that across the lifespan, the motor commands from the non-dominant hemisphere are less energy efficient, requiring more force to make the same motion as that accomplished by the dominant arm. This also shows that in the young, the increased variability due to larger forces of the non-dominant arm is compensated for by the appropriate neural coordination, so that the force trajectories are symmetrical. However, with age this compensation worsens so that even with lower forces due to sarcopenia, the movements are less symmetrical, thus less coordinated.
We also found that comparing dynamic forces produced by each limb resulted in a more sensitive measure of individual post-stroke motor deficits than comparing the motion itself, such as joint angles of left and right limbs. Most of the participants in the Stroke group had mild hemiparesis, so that motion with their less-affected ipsilesional arm and hemiparetic contralesional arm were largely symmetrical. This was reflected in high interlimb shared variance between the joint angle profiles in most individuals with stroke ( Fig. 3A, joint angles) . In contrast, the shared variance between the dynamic torque profiles of the two limbs was much lower in the same participants (Fig. 3A, dynamic forces) , indicating a higher degree of motor deficit than what was observed from kinematics. To investigate how the kinematic and dynamic measures may affect the detection of individual motor deficits due to stroke and the distinction of these deficits from age-related changes in movement, we used k-means clustering analysis (see Methods). Clustering showed a larger separation between Stroke group participants and the rest based on dynamic forces compared to that based on joint angles ( Fig. 3B & C) . The distance between clusters based on joint angles was 0.18 ± 0.038, while the distance between clusters based on dynamic forces was 0.30 ± 0.003. Consequently, more individuals were misclassified into the wrong group using joint-angle clustering (Stroke: 3 participants were misclassified 19/20 or 20/20 times, 1 participant -12/20, 2 participants -8/20, and 2 participants -1/20; Age-matched: 1 participant -5/20 and 2 participants -2/20; Control: 1 participant -1/20) than using dynamic-force clustering (Stroke: 1 participant was misclassified 16/20 times; Control: 1 participant -20/20). This shows that the sensitivity and discriminatory power of force-based assessment of motor deficit due to stroke is much higher than motion-based assessment.
Discussion
Here we report that age-related changes in the neuromuscular system are most evident in the pattern of forces that accompany movements of non-dominant limb. These age-related changes in the quality of movement present a challenge for the assessment of motor deficits in elderly individuals who have suffered a stroke. The problem is to distinguish between age-related and stroke-related changes in movements in individuals whose pre-stroke state is not known. We propose a possible solution to this problem, which is to assess motion in terms of muscle forces rather than the traditional assessment based on movement kinematics.
Our results indicate that movement of the elderly is less efficient than movement of the young. It is well established that muscle forces decline with age 15 . Consequently, we observed that the peak muscle torques produced during the reaching movements in our experiment were lower in the Age-matched group compared to the Control group. However, this decrease cannot account for the increased interlimb asymmetry pattern we observed in the Age-matched group compared to the Control group. Two facts support this argument. The first fact is that we observed differences in peak muscle torques between the limbs in the Control group without the associated increased interlimb asymmetry. Instead, the muscle torque profiles in the Control group were highly symmetrical between limbs despite differences in peak forces. The second fact is that we normalized the torque profiles to the maximal value across all movement directions for each limb to specifically minimize the contribution of different force magnitudes to the measure of interlimb asymmetry. Despite this normalization, we observed increased asymmetry between the profiles of forces for each limb in Age-matched group compared to the Control group (Fig. 2) . Therefore, the increased interlimb asymmetry with age is likely due to the changes in the neural control of movement that affect the pattern of muscle force production and interlimb coordination. The altered pattern of muscle forces results in inefficient movement, which is likely to contribute to slowness 16 and fatigue 17 in the elderly. The majority of identified predictors of inactivity in elderly rely on psychosocial metrics 18, 19 that indirectly relate to motor control. Our approach of forcebased assessment of motion can be applied on a large scale, opening up new directions of inquiry into the causes of inactivity based on the causal relationship between age-related changes in the nervous and musculoskeletal systems 20 and the resulting movement.
The age-related discoordination in the neural control of movement has characteristic features that can be distinguished from neural control deficits caused by stroke. The prevalent theory of interhemispheric differences in reaching motor control is that the dominant hemisphere is more finely tuned to the control of limb dynamics than the non-dominant hemisphere 21, 22 . Specifically, the control of whiplash interaction forces, often referred to as interaction torques that arise during motion of multisegmented limb, is a challenge for the central nervous system 23 . With age, the neural control of interaction torques gets worse 24 , which can explain the increased interlimb asymmetry based on dynamic forces in the Age-matched group observed in our study. After a stroke, the control of interaction torques is further disrupted, which is thought to be one of the major causes of the inefficiency of movement in people with hemiparesis 25 . Here we further show that the force-based measures of individual motor deficits are much more sensitive than motion-based measures in quantifying the subtle multijoint differences in complex 3D reaching movements caused by the individual pattern of neural damage due to stroke. We have also found that the force-based measures can be used to disambiguate the age-related deficits from strokerelated deficits so that individuals can be classified reliably into a stroke-or non-stroke group across the lifespan (Fig. 3) . A force-based assessment developed based on this method could be helpful in tailoring physical therapy and other rehabilitation programs to the individual. This type of assessment may be especially useful for patients who have less "observable" deficits, such as those classified as asymptomatic via traditional motion-based assessments, but who may still report difficulty moving, increased fatigue and/or inactivity. Technology has advanced to the point where low-cost commercial devices that observe our movement in combination with sophisticated algorithms are becoming widely available for home use. Our study has shown that estimating muscle forces that drive motion can enable a new type of automated assessment of human motor function. This approach can be potentially useful as part of telemedicine and mobile health initiatives, where the patient's health needs to be monitored remotely. Lastly, the analysis of forces that produce movement could also provide a unique insight into the underlying mechanisms of neural and musculoskeletal interactions that will inform future therapies.
